AbstractThis paper explores the fuel savings that can be achieved by optimizing the speed trajectory of a heavy-duty truck traversing a sequence of intersections, under the assumptions that the behavior of the leading traffic and the timing of the traffic lights is known. Specifically, we look at the impact of corridor topology (i.e. green cycle lengths, phase offsets) on the expected fuel savings of the optimized trajectories. This is an important area of research because vehicle-to-vehicle (V2V) and vehicleto-infrastructure (V2I) technology has the potential to allow autonomous vehicles to reduce fuel consumption, especially in urban and sub-urban driving scenarios. The literature tackles the problem of arterial corridor trajectory optimization, and shows the potential fuel saving benefits. However, previous research focuses primarily on passenger vehicles, and often limits its findings to specific case studies. The main contribution of this paper is to offer an estimate of the fuel saving potential -for heavy-duty trucks and under different corridor characteristics -of optimizing trajectories in an urban arterial with V2V and V2I capabilities.
I. INTRODUCTION
The automotive transportation network is moving in the direction of interconnection and autonomy, both in its vehicles and infrastructure. By some estimates, the connected vehicle market is expected to grow from 28 billion USD in 2014 to 96 billion USD in 2020 [1] . By leveraging information received from traffic lights, other vehicles, and the cloud, an interconnected and autonomous vehicle fleet can potentially reduce fuel consumption and emissions in ways that insular driving agents cannot. In this paper we focus on one of the scenarios where this can be achieved: the case of vehicles traversing a sequence of intersections, also known as an arterial corridor. Specifically, we tackle the problem of optimizing the speed trajectory of a heavyduty truck to reduce fuel consumption, assuming traffic light timing and leading traffic behaviour are known.
Improving the efficiency of arterial intersections through intelligent vehicle technologies can be achieved by taking several approaches that depend on the level of penetration of autonomy and connectivity. When all vehicles are considered to be fully autonomous and connected, centralized optimization approaches that do not require signalized intersections are shown to achieve high levels of fuel economy [2] . For mixed fleets, where active control of all vehicles cannot be done because some of the agents are still human-driven, throughput and fuel economy can still be improved by controlling traffic light timing and synchronization. Researchers are indeed developing algorithms that take advantage of vehicle-to-infrastructure (V2I) communication to improve the control of traffic lights [3] , [4] , [5] , and the measures of arterial corridor efficiency [6] . Another approach, which is the focus of this publication, consists of optimizing the trajectory of the autonomous vehicles assuming that traffic light timings are known through V2I, and the behaviour of the leading vehicle is either known through V2V or predicted.
Several researchers have proposed different formulations and optimization techniques to find a speed trajectory that improves fuel economy for passenger vehicles traveling through arterial corridors when traffic light timing information is available. Mandava et al. explores the performance of an algorithm that minimizes acceleration maneuvers for a single vehicle with no leading traffic [7] . In [8] , Asadi and Vahidi propose a hierarchical control structure where a higher level algorithm feeds constraints that reduce idling at red lights to a model predictive controller (MPC) that minimizes acceleration and avoids collisions. This strategy is expanded in [9] to explicitly optimize for fuel efficiency at the MPC layer, and it is further expanded in [10] to explore the impact of coordination between connected vehicles (CV) on the fuel savings of the entire fleet for different levels of CV penetration. In [11] , He et al. optimize the speed trajectory for fuel economy with an added constraint generated by a predicted queue length. In terms of fuel consumption these different approaches show savings ranging from about 12% when minimizing acceleration [7] to up to 40% when maximizing fuel efficiency [11] in their particular case studies.
As an optimal control problem, minimizing fuel consumption under the presence of traffic light constraints is a highly non-convex problem due to the form of the cost and the constraints. Fuel consumption is a function of power, which is a bilinear function of inputs and states. Moreover, the position constraints due to traffic lights are time-dependent and highly discontinuous. For this reason, the previously highlighted literature makes use of heuristic rules and simplifying assumptions in order to develop algorithms capable of generating online solutions. Their findings, while promising, focus mainly on passenger vehicles and generally do not solve for global optimality.
In this article, we consider heavy-duty trucks as opposed to passenger vehicles, and we use dynamic programming to find the trajectories that maximize fuel economy in arterial corridors with different traffic conditions, different light timing cycles, and synchronization offsets. The solutions are compared to a Gipps model of human car following behavior, and the fuel savings are related to macroscopic performance measures.
To present this work, in section II we define the system of interest, the optimization problem solved by the heavy-duty truck, and the model used for non-autonomous vehicles; in section III we describe the dynamic programming algorithm used to solve the optimization problem, and how it was tuned; finally, in section IV we present different simulation results.
II. PROBLEM FORMULATION
We consider a string of vehicles approaching a sequence of traffic lights. The last vehicle in the string is assumed to be an autonomous heavy-duty truck, whose trajectory is given by the solution of the optimization problem presented in part A. of this section. The vehicles in the convoy ahead of it follow a car-following driving pattern governed by a Gipps model modified to handle traffic signals as explained in part B.
A. Optimization Problem
In this section we formulate the optimization problem whose solution determines the trajectory of the heavy-duty truck. For a supervisory, motion planning algorithm it is reasonable to use the speed v and the position x as the state variables of the system, and the acceleration u as the control input variable. The position is initialized a distance L i from each traffic light i in the sequence, and we assume the vehicle receives information on the interval of time R i that traffic light i is red. We also assume that the position x f ront (t) of the vehicle ahead is known, either by predicting it or receiving it through vehicle-to-vehicle connectivity.
Since we will be minimizing for fuel consumption, we begin by developing a method of computing the mass fuel rate of the truck from its state and input variables. In this paper, we will use an empirical brake specific fuel consumption (bsfc) map taken from a proprietary model of a Volvo truck with a diesel engine. For simplicity, and to keep the number of state variables and inputs to a minimum, we assume the trucks powertrain has a continuously varying transmission and that the controller can operate the engine at its optimal brake specific fuel consumption point, , for any demanded engine power . The mass fuel rate will then be given by:ṁ
Where the engine power is given by the product of the propulsive force at the wheels, the speed of the vehicle, and the lumped powertrain efficiency.
The propulsive force, in turn, is given by the longitudinal force balance on the vehicle, which includes aerodynamic drag, rolling resistance and weight:
where m ,c d , A f and µ are the mass, the drag coefficient, frontal area and the rolling coefficient of the truck. The variable β is the road grade, which is a function of position. In this study, however, we assume a flat road:
With a model forṁ f , we are ready to state our optimization problem. Given that simply minimizing fuel consumption can lead to the trivial solution of having the vehicle stop and idle, most algorithms attempt to minimize fuel consumption per distance traveled instead. Rigorously doing so implies that we minimize the ratio of two integrals: the integral of mass fuel rate over the integral of velocity. This is usually avoided by simply minimizing the integral of the ratio of fuel rate over speed. In the interest of exploring the inherent trade-offs between minimizing fuel consumed and maximizing distance traveled, in this paper we formulate the optimization objective as a linear combination of fuel rate and velocity. Using α as our Pareto weight, we can express this multi-objective optimization problem as follows:
Subject to:ẋ
The first and second term in the cost function (5a), when integrated, give the fuel consumed and distance traveled, respectively. The constraints (5b) and (5c) are the dynamics of the vehicle, which amount to a double integrator when we use acceleration as the input variable. Constraint (5d) guarantees that the truck keeps a safe distance from the vehicle in front. The next constraint, (5e), states that the vehicle cannot be within intersection i when the light is red; L i and I i are the location and size of the intersection, and R i is the set of times the intersection light is red. The last three constraints are the bounds on the feasible velocities and inputs; those are given speed limits of the road, drivability considerations, and power limits of the engine.
B. Car-Following Model
To model the human-driven vehicles that precede the truck, we follow the example of [10] , and use a Gipps driving model, modified to account for traffic lights. The Gipps model is an empirical car following model parametrized by the desired cruising speed, and the maximum acceleration and braking drivers are willing to undertake [12] . Given the speed v n of vehicle n at time t, the speed at an instant t + h, where h is a time step in the order of the reaction time of the driver, is taken to be the smallest of two limits: v a (t + h), and v b (t + h).
The first term governs the behavior when the preceding vehicle is not within close proximity, and it guarantees the vehicle tracks its desired cruising speed. It is given by:
The second terms governs the braking behaviour that drivers undertake to keep a safe distance from the vehicle ahead, and it is given by:
where u n,max , u n,min , v d n are the maximum acceleration and maximum braking, and the desired velocity of vehicle n, which will be set as the speed limit of the road. S is the buffer distance kept by the driver, which is be the same as the one in equation (5d). When the vehicle is the leading vehicle, or there are no vehicles between itself and the next intersection, we set the position of the preceding vehicle x n−1 to be the position of the next light that is red. In this situation, the speed v n−1 is set to be 0.
Finally, the last term in equation (6) is a modification from the original Gipps model,and it was added to ensure the vehicle does not undertake an acceleration that results in an unfeasible engine power demand.
III. DYNAMIC PROGRAMMING SOLVER
In this section we go through the choices we made in transforming the continuous time optimization problem given by equation (5), into a discrete time problem suitable to be solved using the standard dynamic programming approach. We also look at the Pareto trade-off of minimizing fuel consumption versus maximizing distance travelled to select our scalarization weight α, and how this compares to maximizing fuel efficiency.
A. Discretization
We define a time step h, which gives N = T /h total time instants to optimize for. The discrete form of the underlying problem of equation (5) is then:
Subject to:
wherex k andv k are intermediate states; that is:
In usingx k andv k to computeṁ f in (9a), we are effectively using a midpoint rule to approximate the integration. Constraints (9b) and (9c) are obtained by approximating the time derivatives using a finite difference. Finally, constraints (9d), (9e), and (9f) lump equations (5d-5h) into a single, time dependent, set constraint for each state and input variable. X k , V k , and U k , are the intersections between the state and input meshes X 0 , V 0 , and U 0 and the sets defined by (5d-5h), and they are computed at every time step when the dynamic programming algorithm runs.
The state meshes X 0 , V 0 are chosen to be consistent with the time step h:
Where the discretization steps must satisfy:
To allow for a large number of inputs without extensively compromising computational time, we select ∆x and h to be 0.5 and 1 respectively. It follows that ∆v and ∆u are both 0.5 as well. The rest of the parameters used in subsequent simulations is summarized in Table I .
B. Weight Selection
At this point, the only thing we need to define before running simulations is the scalarization weight α, which lies between 0 and 1. When α is 1, we focus only in minimizing fuel consumption, which will be achieved by not moving at all and keeping the engine at idle. When α is 0, we only focus on maximizing range; at this value, the problem is illdefined since any solution that reaches the end of the position state mesh would have the same cost. We will select a sample corridor and compute the optimal solution for different values of α.
For this section, we look at a 1.2 km stretch of road representing College Av., State College. This corridor contains 6 signalized intersections, whose timing, location and dimensions were estimated using live measurements and map data. A map view of the road in question, along with the relevant measurements is shown in Figure 1 . We consider the scenario where the truck enters the control zone following a string of 5 vehicles modeled using equation (6) and the parameters given in Table I . We use the values given in Table  I for the parameters of the truck, and solve the optimization problem given by (9) using DP, for different values of α and a time horizon T equal to the time it takes the preceding vehicle to reach the last light. Figure 2b shows the Pareto front for the multi-objective optimization problem at hand. We can see a sharp jump in both range and fuel consumed between α = 0.2 and α = 0.3 after which a change in α does not affect the cost, or the shape of the solution. Based on the shape of the Pareto front for this specific case study, and the fact that our ultimate goal is to maximize fuel efficiency, which in terms of grams of fuel per meter is the ratio of our two objectives, we select α = 0.3 as our weight for the rest of the simulations.
IV. SIMULATION RESULTS
In this section we assess the ability of trajectory optimization in reducing fuel consumption by running simulations for different arterial corridor configurations. The purpose is to estimate the expected fuel savings based on the available traffic light information. Specifically, we focus on the two main parameters that traffic light management systems can toggle: the green cycle length and the offset between one light and the next. A properly designed corridor will optimize the portion of the cycle that each light is green based on the volume of traffic, and it will synchronize green lights to allow traffic to flow as uniformly as possible without stopping at the intersections.
We consider a stretch of road with 4 evenly spaced intersections, and a convoy of 5 vehicles traveling in front of the truck when it enters the control zone 150 m from the first light. Each intersection is 20 m long, and is 150 m away from the previous one. Their traffic lights have a cycle length of 90 s, of which a certain ratio, the green cycle ratio, corresponds to a green light. The timing cycles of each light are offset by a certain amount of seconds with respect to the previous light. We will vary both the green cycle ratio and synchronization ratio independently, and see the amount of fuel that can be saved when compared with a truck that follows a Gipps driving model. We can see in Figure 3 the results of our simulation study. The achieved fuel consumption ranges from 0.29 to 0.51 grams/m, and the scenarios where these occur correspond, as expected, with the situation where the corridor is properly versus poorly timed and synchronized. Figures 4a and 4b show the optimized trajectories in both of these extreme cases. When green intervals are short, and the offset is slower than the speed of the convoy, the worst fuel efficiency occurs; on the flip side, when the offset matches the speed of the string of vehicles ahead, which occurs when it is equal to spacing between intersections divided by the desired velocity of the traffic, the algorithm achieves its best fuel economy. These differences, however, are the product of having an optimized corridor, rather than smart look-ahead driver. Figure 5 shows, in percentages, how much fuel is saved by performing trajectory optimization when compared to a baseline car following model showed as a dotted line in Figure 4 . We can see that the improvements range from around 34% to 72% depending on how well the traffic lights are timed and synchronized. The smallest fuel saving is achieved for an offset of 12 s and green cycle of 20s/90s. We notice that the maximum fuel savings of above 70%, which occur when the corridor is poorly timed, do not coincide with the minimum fuel consumption, which happens at long green cycle ratios and good offset synchronization.
V. CONCLUSIONS
In the interest of exploring the fuel saving benefits for heavy-duty trucks of trajectory optimization in the presence of traffic and traffic light information, we used dynamic programming to minimize fuel consumption. The problem was formulated as a minimization of two competing objectives, fuel consumed and distance traveled. We then explored the underlying Pareto trade-off to select an appropriate scalarization weight of 0.3. Finally, we simulated the performance of the global optimizer for different light timing parameters to find the expected fuel savings when traversing different Our results show that trajectory optimization in arterial corridors is potentially more beneficial for heavy-duty trucks than for passenger vehicles. Indeed, we found fuel savings ranging from 32 to 72%, while values for passenger vehicles reported in the literature do not usually exceed 40%.
These results motivate further efforts in developing real time speed advisory optimization algorithms for heavy-duty trucks. Furthermore, since dynamic programming solutions guarantee global optimality, they serve as an effective benchmark to which compare faster online controllers.
